Abstract: This paper presents the use of a fuzzy-based statistical feature extraction from the air gap disturbances for diagnosing broken rotor bars in large induction motors fed by line or an inverter. The method is based on the analysis of the magnetic flux density variation in a Hall Effect Sensor, installed between two stator slots of the motor. The proposed method combines a fuzzy inference system and a support vector machine technique for time-domain assessment of the magnetic flux density, in order to detect a single fault or multiple broken bars in the rotor. In this approach, it is possible to detect not only the existence of failures, but also its severity. Moreover, it is not necessary to estimate the slip of the motor, usually required by other methods and the damaged rotor detection was also evaluated for oscillating load conditions. Thus, the present approach can overcome some drawbacks of the traditional MCSA method, particularly in operational cases where false positive and false negative indications are more frequently. The efficiency of this approach has been proven using some computational simulation results and experimental tests to detect fully broken rotor bars in a 7.5 kW squirrel cage induction machine fed by line and an inverter.
Introduction
The three-phase induction motors (IMs) are the main electrical rotating machine installed in many industrial environments. Usually, the induction motors are capable of driving various types of load, thus this kind of machine is widely used around the world [1] [2] [3] [4] . Although IMs have important advantages, such as robustness, simplicity and lower cost, when compared to other rotating machines (synchronous machines and DC motors, for example) [5] , they are subjected to some mechanical and electrical faults, particularly in stator windings, bearings and rotor cage [1, 6] .
Many researchers and engineers have investigated broken rotor bars and bearing failures in other applications, including commercial cases and industrial plants. Typically, broken rotor bars and cracked end-ring faults share for 5-10% of induction machine failures, but, as cited in [7] , these events are a key issue. As described by [8] , for medium-voltage (MV) motors the rotor cage fault is even more common than that of small machines due to the extensive thermal stresses on the rotor. A partial or a fully broken bar increases the machine vibration [9] , the current in the rotor bars adjacent to the faulty one and the temperature rise in the motor [7] .
The rotor cage fault can also lead to bearing failures and air gap eccentricity [8] . Other researchers, for example, have been discussed the fault in the rotor related to adjacent and nonadjacent broken bars [10, 11] . Some cases with nonadjacent broken bars are also observed for frequently started motor applications. In [12] , nonadjacent broken bars for 6.6 kV, 500 kW, ten-pole induction motor has been reported and although the fault frequency component increases with the number of broken bars, this component is quite difficult to observe if the damaged bars are 90 • (electrical) apart since the asymmetry in the rotor is canceled out [10, 11, 13] .
Particularly for medium voltage (MV) induction motors, the costs related to machine shutdown are much more significant when compared to small motor applications. In [12] , an example of a 6.6-kV 2400 kW eight-pole induction motor was described for rotor under inspection due to a false positive (FP) indication. In this case, an unexpected failure of the motor would result in an estimated financial loss of US 2.5 to US 4.0 million (loss of revenue and repair cost) and a period of 8 to 12 weeks to recover normal plant operation. In other MV applications (Offshore Oil Production Platform), a 11 kV 1950 kW squirrel cage induction motor inspection has been related for broken rotor bars evaluation and a motor shutdown could take three months of downtime from start to finish and a total financial loss of approximately US 2 million [13] . As cited in [4] , for larger motors, longer downtime per failure is related to induction motors starting more than once per day or in cases wherein applications of pulsating load or direct online startups. As aforementioned, in MV motors, the rotor cage fault is even more common than that of small machines due to the extensive thermal stresses on the rotor. In addition, large motors, with hundreds or thousands of kilowats, usually have more rotor bars when compared to small motors; thus, as described by [8] , a severe failure is necessary in those rotor cages for successfully applying the traditional motor current signature analysis (MCSA) technique, for rotor conditioning evaluation.
The MCSA has been used in the past two decades to detect broken rotor bars, particularly due to its noninvasive approach [14] , by applying fast Fourier Transform (FFT) in only one current phase of the motor [15, 16] .
The aforementioned MCSA technique is a comprehensive approach for broken rotor bars detection and recognized by researchers and electrical engineers as an efficient diagnosis tool, since this solution is capable of identifying failures in the rotor cage in many cases and applications using only one phase current.
However, MCSA has some limitations and drawbacks well known in literature such as the spectral leakage detected when the motor is working at very low slip, for example, since the amplitude of frequency components, i.e., the left sideband component responsible for an index fault is close to the line frequency [17] [18] [19] [20] . It should be mentioned that, in a closed-loop control structure, for example, the harmonics cannot be directly applied, as cited by [21] .
The work published by [17] proposed the use of a Hilbert Transform and FFT to extract a fault frequency index for motor running at low slip. However, this approach also requires a long measurement time for current signal processing. It should be noted that MCSA requires an acquisition time of 100 s for current signal processing to extract the sidebands for failure evaluation. For both cases, it is not possible to detect the fault in transient condition, but only in steady-state, since the slip may change in 100 s.
It is important to highlight that large motors usually operate at low slip even at rated load. In [18] , an improvement of the Hilbert method via estimation of signal parameters with rotational invariance technique (ESPRIT) has been proposed to detect broken bars in induction motors running at low slip. In this case, a measurement time equal to 10 s was used for current signal processing and the motor was line-fed.
Recently, some typical root causes of false positive and false negative indications have been reported using MCSA based rotor fault detection in MV induction motors [12] . The false negative conditions are related to nonadjacent broken bars, load variation and an incorrect speed estimation. The MCSA technique requires an accurate value of the rotor speed (slip) for reliable detection of rotor faults. The work published by [12] still disclosed that, for MV motors, it is necessary an acquisition time of at least 30-60 s for a correct broken bar diagnosis using MCSA.
In [22] , for example, it was described that, in many applications, the rotational speed and the demanded torque of the machines change significantly over time; thus, it is very difficult or almost impossible to have a long enough steady period of time, such as required by MCSA to detect broken rotor bars. The work proposed by [23] requires the slip information to extract some fault frequencies from vibration and sound of the machine, but the authors highlighted that, in field applications, motor speed is not always available. The typical root causes of false positive (FP) and false negative (FN) indications produced by MCSA-based rotor fault detection are: load variation (FN), incorrect speed estimation (FN) and low frequency load oscillations (FP), as cited by [12, 24, 25] . As mentioned by [8] , load oscillation can also induce current harmonics at the same frequencies in the stator current, such as those found in damaged cage rotors.
Recently, some researchers have also investigated the broken rotor bars in induction motors fed by an inverter. As cited by [26] [27] [28] , the rotor fault detection in converter-fed induction motors has some drawbacks when compared to a sinusoidal supply situation, particularly due to the additional harmonics that will be induced in the current spectrum. Other works have also reported difficulties in detecting rotor faults for the motor fed by an inverter, such as in [22, [29] [30] [31] . In [32] , a method for broken rotor bars detection relies on monitoring certain statistical parameters estimated from the analysis of the start-up stator current envelope. In this case, the simulations results were carried out for motor running under direct online start and inverter-fed modes, but this research did not address cases of load variation and/or load oscillation.
In [5] , the analysis of the startup current (ATCSA) of the motor was also proposed to detect broken rotor bars. This approach applies time-frequency (T-F) transforms for the continuous analyses, i.e., a Short Time Fourier Transform (STFT) and a Discrete Wavelet Tranform (DWT) for the computation of a fault severity indicator in line-fed motors. This paper shows an interesting application of the ATCSA method in four induction motors operating in mining facilities, but this technique requires an specialist interpretation of a V-shaped image responsible for failure evaluation and the presence of several breakages in the rotor cage for a relevant fault severity indicator (DWT should lead to a value lower than the threshold level 50 dB). This work did not address the use inverter-fed mode. The authors disclosed that the method is able to detect the rotor failure with accuracy severity levels around one broken bar out of 28, but large induction motors usually have more than four or five tens of bars. Table 1 shows the specifications for some induction motors with lots of rotor bars. [35] It is important to mention that the work published by [36] has shown a survey of existing broken rotor bar fault detection techniques based on fault signatures analysis and the authors pointed out that time-frequency representation using Wavelet Transform is a powerful tool, but it suffers from some drawbacks, as the need for optimum selection of the mother wavelet and the overlap between adjacent frequency bands. The same work also described that other researchers are investigating the limitations of the detection based on MCSA, especially the load variation, since it produces frequency components in the current spectrum close to the broken bar fault indicator.
In addition to the processing methods, other works also employed different approaches to identify faults in rotational electrical machines, such as computational intelligence algorithms and/or machine learning techniques. In [37] , for example, novel insights have been discussed for the classifier evaluation in the field of electric machine diagnosis using Decision Tree (DT) and support vector machine (SVM). In this case, the authors pointed out that the choice of a correct classifier depends enormously on the accurate evaluation of its performance, in order to reduce the occurence of false diagnosis in predictive maintenance. A case study was presented in [37] and a rotor condition of a small induction motor (0.75 kW) has been tested using the MCSA method. However, this approach did not consider the load variation for validation purposes.
In [30] , four different learning machine techniques were investigated for broken rotor bars detection in a three-phase induction motor fed by an inverter. In this case, a fuzzy ARTMAP network, SVM, a k-nearest neighbour (KNN) and a multilayer perpetron network (MLP) have been tested for broken bars evaluation using the motor current as a source signal for an acquistion time duration of 6 s. This work has shown the potential of the machine learning approaches for failure detection at different speeds, but the load variation and load oscillation did not address.
In [38] , a neuro-fuzzy approach was applied to locate broken rotor bars in induction motors running at very low slip. In this work, a Fast Fourier Transform was used to extract the features from a Hall effect sensor installed inside the machine and it was used an acquisition time duration of 4 s. The processed signal was the magnetic flux density measured by the Hall sensor. This research also did not address the rotor fault detection in variation or oscillating loads, only in steady-state condition.
In [39] , three learning machine techniques (MLP, KNN and SVM) were used to detect and classify rotor faults also running at low slip. In this case, some frequency and statistical features have been used to evaluate the rotor condition in an acquistion time of 4 s for motor running at steady-state. In [40] , an investigation of vibration and current monitoring for effective fault prediction in an induction motor has been proposed using a multiclass support vector machine algorithm and in [41] , and a lot of signal processing and feature extraction techniques were described for fault diagnosis in rotating machines, such as time-domain and frequency domain approaches, as well as the use of KNN, SVM and Fuzzy c-Means classifiers, among others.
Although the works published by [39] [40] [41] [42] have successfully used machine learning methods for electrical and/or mechanical failures diagnosis, they did not address the problem related to load variation or load oscillation for broken rotor bars detection.
As can be seen, today, a wide time-domain and frequency-domain signal processing techniques are used for feature extraction and the rotor condition monitoring systems are also strongly related to the use of computational intelligence techniques or machine learning approaches, due to a huge amount of data acquired by sensors. This paper presents the use of a fuzzy inference system (FIS) to extract the features of a Hall sensor signal, installed inside the motor, according to the rotor condition. The FIS is able to quantify crisp values from a physical environment, i.e., by using the uncertainty representation of the magnetic flux disturbances. As described by [43] , the vast majority of the related studies is focused on noninvasive techniques, such as the measurement of stator current and vibration, among others. These approaches are understandable from a cost perspective, since an external sensor is easy to install; thus, it means that a small extra cost is necessary compared to the cost of a standard induction motor. However, [43] states that there are special motors designed for particular applications and these machines are usually expensive and not easy to replace. In this case, large induction motors (tens or hundreds of kilowatts) often operate in extreme dynamic environments under increased stresses. Therefore, a new apparatus that helps preventing an unexpected downtime is an acceptable, or interesting, option.
The analysis of broken bars is taken into account for time-domain purposes, including the signal processing of the signal and the data classification using an SVM classifier. The reason for using this machine learning classifier is justified with earlier studies of multi-class classifiers [40, 41] .
Based on the aforementioned literature, this paper proposes a method to detect fully broken rotor bars in large IMs, since this kind of motor usually has lots of rotor bars and also reduces the false positive and false negative indications for rotor cage condition evaluation. For these purposes, the present approach is focused on the following contributions:
It is not necessary to estimate rotor slip, as required by the MCSA method and other techniques (related to FN indication); (ii) It is possible to detect broken bars during load variation (related to FN indication); (iii) It is possible to detect broken bars during low frequency load oscillations (related to FP indication); (iv) It is possible to classify the severity of rotor faults; (v) It is possible to detect broken rotor bars for motor running at low slip (related to FN indication); and (vi) The method allows the rotor fault detection for motor fed by an inverter and also fed by sinusoidal power supply.
The present approach has been validated by using simulation results of two IMs (1200 kW and 7.5 kW) and experimental tests have been performed using an induction motor of 7.5 kW, 220 V and 38 rotor bars, fed by a sinusoidal supply and by an inverter. The methodology and the results are presented in the following subsections.
Methodology for Feature Selection and Broken Bars Detection
In the present approach, the detection of broken bars is taken into account in the time-domain, analysing the signal from a Hall effect sensor and its disturbances. This work includes four main stages: (i) signal acquisition from Hall sensor; (ii) signal processing in the time domain; (iii) feature extraction using fuzzy logic; and (iv) fault classification stage using an SVM classifier. The signal processing stage includes a filter step, a zero-crossing detector and an algorithm for a valley inflection point's detection. A second one includes a fuzzy inference system to extract the features of the Hall sensor signal for each positive and negative half-cycle.
The last stage was used for data classification and was applied not only to detect the rotor failure, but also to classify the fault severity. Each step of this methodology is described in the following sections. Figure 1 shows the methodology for broken bars diagnosis using the proposed method. 
Signal Acquisition Stage

Air Gap Disturbances Monitoring Using A Hall Effect Sensor
As mentioned before, in this paper, the magnetic air gap disturbances have been used to evaluate the rotor condition. Other works have demonstrated the possibility to detect broken rotor bars using this kind of signal and a Hall sensor installed between two stator slots of the machine [19, 38, 39, 44] . In [45] , an array of Hall effect sensors was installed around the stator circumference inside the motor air gap to detect rotor bar damage and stator turn-to-turn shorts. In this case, 36 measurements points have been used for fault detection. However, the solution proposed by [45] requires a lots of measurement points and the other Hall sensor based solutions did not take into account the motor fed by an inverter or driven by oscillating loads. In this work, the Hall sensor was installed close to the air gap. This sensor is able to monitor the leakage flux, or the magnetic flux density, created by the overhang portion (rotor bar portion) between the core and the end ring.
In [46] , for example, the air gap flux analysis was used to evaluate the broken bars in a 42 kW induction motor with 58 rotor bars, and it was possible to observe the disturbances in the resultant magnetic flux density according to the failure, as shown in Figure 2 . The mathematical model disclosed in [46] shows that, when broken bars are distributed around the rotor, there is a valley created by flux perturbation, as shown in Figure 2 . The valley can be observed, especially when broken bars are near the sensor, for both positive half-cycle and negative half-cycle. In this work, this feature has been extracted and quantified by a fuzzy inference system, after the signal processing stage, to create two databases (sinusoidal and inverter supplies) for further rotor evaluation using an SVM classifier. 
Signal Processing Stage
Filter Step
In order to reduce the noise in the original signal from the Hall sensor and to contribute to half-cycle detection, a filter stage was applied by using a Butterworth sixth order low pass filter in a cutoff frequency of 800 Hz. Note that the signal from sensor, i.e., the resulting magnetic flux density is in the 60 Hz frequency.
Zero-Crossing Detector
A zero-crossing detector for broken bars signal was used to identify and to separate positive and negative half cycles. In the present work, the signal is stored as input data for inflection point detection, as described in the next section. This stage is able to identify transitions between negative and positive values of the magnetic flux density.
Algorithm for Inflection Point Detection in the Valley
After undergoing a filtering stage and a zero-crossing detector, the Hall Effect sensor signal is treated by an algorithm capable of identifying inflection points in each valley, as shown in Figure 3 . In this case, one sampling counter and an input data vector were considered for inflection point detection. A cutting line was applied in the input data and two reading movements were used for determining three inflections points, such as Max1, Max2 and Min values. The best cutting line position was investigated, since this line is crucial for "min" point location. It is important to mention that the "min" point position, or the valley, depends on the broken bar position relative to the Hall Effect sensor and to instantaneous rotor currents.
If the cutting line is applied in the middle of this half-cycle, for example, Max1 and Max2 points will be close together and the Min point will be found in a wrong way. After a series of experimental tests, the best cutoff value (cutting line) was defined as being 40% of the sample set on each half-cycle (left shifted). Essentially, the inflection points were detected not only to estimate broken bars, but also to evaluate the fault severity in the rotor cage. In the next section, the fuzzy inference machine implemented is described in detail. 
Feature Extraction Stage
Fuzzy Logic for Valley Quantification and Feature Extraction
Normally, the operational conditions of an equipment or process are given in terms of numerical values [47] [48] [49] [50] . On the other hand, the fuzzy systems incorporated linguistic expressions capable of determining human behavior, or more precisely, the human experiences. Thus, a fuzzy logic technique applies its two major components, such as membership functions and fuzzy rules to quantify each half-cycle of the signal from the Hall Effect sensor. In other words, in case of failure, for example, fuzzy logic translates some numerical values of a valley into some linguistic features as better described in the next subsections.
Membership Functions
The reason for using a fuzzy inference machine regards the uncertainty of the failure diagnosis according to the number of broken bars and their position in the rotor. Thus, the fuzzy system is able to quantify the depth and the type of valley, in case of faults, according to the amplitude and the position of an inflection point (Min) from the signal. Therefore, these two input parameters ("Min" value and "Min" inflection position) were used for the proposed fuzzy system to estimate its output, such as the type of valley.
In the present approach, the fuzzification process works for each half-cycle. After zero-crossing detector stage, the maximum amplitude, or peak value, for each positive and negative half-cycle is stored in memory. For positive cycles, for example, the algorithm identifies the maximum value between all half-cycles and this value is used as a MAX value, such as shown in Figure 4 .
This MAX value works as a threshold for establish the linguistic terms. In this case, the amplitude of "min" point is distributed in seven terms as follows: EL (Extremely low), VL (Very low), L (Low), F (Fair), H (High), VH (Very high) and EH (Extremely high). Figure 5 shows a typical signal from Hall sensor for a faulted rotor. In this case, there is a sample with six positive half-cycles and three valleys. In this case, the maximum amplitude is near 0.03 T ("MAX" value related to half-cycle 2), but the "min" points (Min1, Min3 and Min5), calculated after the inflection point detection stage, are smaller than this value. Thus, the fuzzification process uses this MAX value as a reference and the "min" value is fuzzified according to membership functions presented in Figure 4 . In a similar way, each half-cycle has a number of samples stored in a memory (sample vector) and the fuzzification process takes into account the position of the "min" point. If the "min" point is located in the middle of the sample vector (half-cycle 3), for example, the "min" point is fuzziified for a position "C" (Figure 6 ).
The linguistic terms for "SAMPLE" value are distributed as follows: TL (Top left), VL (Very left), LL (Little left), VLL (Very little left), C (Center), VLR (Very little right), LR (Little right), VR (Very right) and TR (Top right). As can be seen in Figure 6 , the number of samples for each half-cycle was divided in nine linguistic terms; thus, if the number of samples is around 240, for instance, and the "min" point position for a specific half-cycle is around 120, this inflection point is in the center position.
In other words, if the "min" point is located at the position 30, this point is in the very left position. Figure 7 shows the membership functions for output variable; in this case, the severity of valley. As can be seen, the output has been distributed in ten linguistic terms: H (Healthy rotor-no valley), NS (Not severe), VLS (Very little severe), LS (Little severe), MS (More severe), F (Fair), SE (Severe enough), VS (Very severe), ES (Extremely severe) and AS (Absolutely severe). 
Fuzzy Rules
Then, the fuzzy rules are the main knowledge of the present fault diagnostic system, able to distinguish different severity valleys. Table 2 summarizes some fuzzy rules applied to the present approach. The defuzzification process must be used for translating the rule base into numerical values for each scaled membership function, as presented in Table 2 . The Center of Maximum (CoM) defuzzification method [47] was applied for determining numerical values for each half-cycle, both for positive and negative samples. Thus, the condition of each half-cycle, i.e., the existence of a valley and its severity for a magnetic flux density collected from a Hall sensor is calculated after the fuzzification inference, and the output is given by Equation (1):
where x r is the typical numerical, or crisp value for the scaled membership function n, and µ r is the degree of membership at which membership function n was scaled. Equation (1) refers to a weighted average method for the defuzzification process and n is related to each output membership function. In this work, the output of the fuzzy system suggests the severity of an eventual valley, according to numerical values between zero and 100%. After the fuzzification step, each half-cycle was quantified and some statistical data have been calculated and used as inputs to an SVM classifier to proceed the rotor fault diagnosis. In the next section, the statistical features and the SVM structure are discussed in further detail.
Statistical Data of Each Fuzzified Half-Cycle
As mentioned by [41, 51] , there are common statistical features in the time domain to evaluate the mechanical structure of a rotating machinery. In [51] 
The work published by [39] disclosed the use of some statistical data to perform the magnetic density evaluation of a signal produced by a Hall sensor installed inside an induction motor. In that case, the following features have been used: mean, root mean square, variance, kurtosis and skewness. In [39] , the broken bars detection was performed for a motor fed by sinusoidal voltage and some frequency domain data have been also considered. Based on these previous works, in this study, the mean, standard deviation, root mean square, variance, kurtosis and skewness were calculated for each fuzzified half-cycle, as described in Equations 2, 3, 4, 5 and 6:
• Mean
• Root mean square (RMS)
• Variance
• Kurtosis
• Skewness
Moreover, the deepest fuzzy valley (DFV) and the number of valleys with output greater than "More Severe" (NVS) of each sampled window were considered as additional features for SVM classifier. It is important to highlight that all features have been extracted using the fuzzy inference model; thus, the statistical values were calculated from the fuzzified magnetic flux density disturbances. Therefore, the input vector (eight fuzzy features) for the classifier was defined as:
Fault Classification Stage
Support Vector Machine Based Fault Diagnosis
As mentioned by [41] , the support vector machine learning technique is based on statistical learning theory and is widely used for classification problems in various fields. The work published by [41] also described that SVM has a simple structure, an excellent generalization performance and a fast learning speed. In addition, the SVM was chosen due its interesting performance for a multiclass problem of this research (severity of the rotor fault). As cited by [39, 52] , an SVM classifier uses an optimization problem to find the best hyperplane that separates target classes.
The kernel function of the SVM is crucial for its performance, as cited by [39, 41] , and the cost tuning parameter (C) is also very important for the classification performance. Therefore, in this work, the cost value was chosen in a range of (0,200) [39] . In addition, three of the most used kernel functions were selected for broken bars detection, such as quadratic, Gaussian and linear. Since the present approach takes into account a multiclass problem, the classification strategy of SVM was the One-against-One (OAO), as disclosed and used by [40] . Therefore, in this work, the SVM has eight inputs, as defined by Equation (7) and only one output capable of classifying 5 classes for an induction motor fed by direct-line (healthy, one broken bar (1BB), two broken bars (2BB), three broken bars (3BB) and four broken bars (4BB) and three classes for a motor fed by an inverter (healthy, one broken bar (1BB) and three broken bars (3BB)). The training time of each SVM topology was less than 6 s using the Matlab toolbox (Matlab2016b, Mathworks). The best SVM model, for example, was trained in less than 2 s and the elapsed time was around 0.084 s to validate the sinusoidal cases and around 0.052 s to validate the inverter-fed cases.
Computational Simulation Results
This section shows the computational simulation results for two induction motors, as shown in Table 3 , using the present approach. For each motor, the simulation took into account a mathematical model developed in [46] , i.e., the magnetic flux density in the Hall Effect sensor to evaluate broken bars in the rotor cage. This model was also applied in [44] to evaluate the broken rotor bars in frequency domain, but in steady-state. In this case, the model was simulated in the MATLAB/Simulink software. 
Mathematical Model for Simulation Broken Rotor Bars
As mentioned before, the computation simulation for broken rotor bars detection has been performed using the mathematical model developed in [46] . In this model, a comparison between simulation and experimental results has been made for a 42 kW induction motor, for different load torque conditions (distinct slip values), for which it has demonstrated a good approximation between these approaches. In Figure 8 , for example, it is possible to observe the simulated and experimental results obtained for a resulting magnetic flux density due to broken rotor bars in a 42 kW induction motor. In that approach, the resulting magnetic flux density variation in the Hall effect sensor can be defined by applying Biot Savart in a conductor. For an induction motor, each conductor is a rotor bar from a squirrel cage. Equation (8) describes the resultant magnetic contribution produced by each rotor current (BR r ), using Biot Savart concept, as better described in [44, 46] :
where:
N r = number of rotor bars; R = Radius of rotor structure; λ = angular distance between two rotor bars.
The variable Im is related to the maximum current on each rotor bar; thus, it is possible to simulate a damaged bar setting its value to zero. When a broken rotor bar is near the Hall Effect sensor and its current would be maximum positive or negative value, there is a valley in the peak of the resulting magnetic flux. It should be noted that this signal is a 60 Hz frequency, for any machine pole pairs.
For calculation of the total magnetic flux density, Biot Savart was also applied to stator currents (B s d), considering a double layer for stator coils. Therefore, the mathematical model for simulation purposes is given by:
Case 1: Induction Motor of 1200 kW, 6 Poles and 2.4 kV
In this subsection, the simulation results of an induction motor of 1200 kW, 90 stator slots, 104 rotor bars, three pole pairs, 1188 r/min and 60 Hz are shown and discussed. The rated load torque is 9650 N.m. This motor was coupled to an industrial fan and its rotor was affected by broken rotor bars. The Runge-Kutta (fourth order) numerical simulation was used in Matlab/Simulink environment and a sample frequency of 10 kHz was applied for Hall sensor data. Figure 9a shows the peak signal distortion for each rotor condition and Figure 9b shows the valley severity after the fuzzification process, in a rated load torque (slip = 1%).
(a) (b) Figure 9 . Simulation of the magnetic flux density in a rated load torque (stead steady regime at slip = 1%) for 1200 kW induction motor showing: (a) flux disturbances near the air gap (peak signal distortion (valley) for each rotor condition (positive half-cycles)) and (b) cycles after fuzzification stage (fuzzified valley severity for each rotor condition ). Table 4 shows the fuzzified statistical values found in different simulation cases. For a healthy condition, for example, it is possible to observe the smaller values for SKW, σ 2 , σ and DFV parameters, even for oscillating loads, when compared to damaged rotors. These input data were applied to the SVM classifier to rotor condition evaluation, as described in Section 4. 
Case 2: Induction Motor of 7.5 kW, 4 Poles and 220 V
In this subsection, the simulation results of an induction motor of 7.5 kW, 48 stator slots, 38 rotor bars, two pole pairs, 1740 r/min and 60 Hz are shown and discussed. The rated load torque is 40 N.m. In this case, the Runge-Kutta (fourth order) was also used in a Matlab/Simulink environment and a sample frequency of 10 kHz was applied for Hall sensor data. Figure 10a shows the peak signal distortion for each rotor condition and Figure 10b shows the valley severity after the fuzzification process, in 1/4 load torque (slip = 0.92%). The rated slip is 3.33%. Table 5 shows the fuzzified statistical values found in different simulation cases. As the previous case, for a healthy condition, there are smaller values for SKW, σ 2 , σ and DFV parameters, even for oscillating loads, when compared to a faulted rotor. These input data were also applied to the SVM classifier to rotor condition evaluation, as described in Section 4. 
Experimental Test Bench and Results
Apparatus Setup
In this work, an apparatus was assembled to perform the experimental tests ( Figure 11 ). In the laboratory, a three-phase squirrel cage induction motor of 7.5 kW, four poles, 220 V line voltage and 60 Hz was used for rotor failure evaluation. A Hantek digital oscilloscope was used to collect the Hall sensor signal and a PC computer (i7 processor, 7th Gen Intel, 16 GB and Windows 10 was applied to store data. For oscillating load experiments an acquisition board has been used (National Instruments -NI-USB-6003).The load torque was applied in the induction motor with an eddy-current braking system. For non-sinusoidal tests, a WEG frequency converter (WEG Company, CFW 08 model in a switching frequency of 4kHz) was used in an open-loop control approach (V/Hz control).The rotor has 38 bars numbered among 1 and 38. This induction machine was manufactured to research purposes; thus, it is possible to connect and disconnect any rotor bar with the end-ring part using jumpers ( Figure 12) .
The Hall transducer manufacturer supplied the following information about the sensor: accuracy of 2% in 25 o C, operating temperature range between −40 o C and 100 o C, temperature coefficient of magnetic sensitivity equal to −0.06%/ o C (max). The conversion of the transducer is 1T/V or 0.1T/V and the frequency response of the Hall sensor and its electronic transducer is 700 Hz of 0.1T/V. 
Experimental Results and Discussion
In this section, the results are presented and the methodology is discussed for motor fed by a direct line, i.e., with sinusoidal power supply and fed by an inverter.
Rotor Condition Evaluation for Motors Running at Steady State Condition and Fed by a Sinusoidal Supply
In this section, it has been performed a comparison between the disturbances found in the Hall effect sensor for a healthy rotor and a damaged one. A first dataset was built for an induction motor fed by direct line. As previously described, the resultant magnetic flux density in the air gap is defined from the currents that flows through each rotor bar. Therefore, in case of broken bars, disturbances in the resultant magnetic flux can be measured using the Hall sensor installed between the stator coils. In this case, the Hall signal was sampled at a frequency of 10 kHz and a Butterworth sixth order low-pass filter was used in a cutoff frequency of 800 Hz to reduce the harmonic content. As mentioned before, after applying the zero-crossing step and the algorithm for inflection points detection, a fuzzy stage has been performed for feature extraction of each positive and negative half-cycle. The magnetic flux density collected from Hall sensor was normalized between −1 and +1 for each load torque condition. Figure 13a shows the peak signal distortion created due to rotor faults. In this case, it is possible to note the valley in the peak signal increases with the number of broken bars. Figure 13b shows the fuzzified valley severity for each positive half-cycle depicted by Figure 13a . It is clearly that the severity of the fault is related to the number of broken bars. These values and the statistical features extracted from each fuzzified valley were used as inputs for SVM classifier (Equation (7)). Table 6 shows the typical statistical values (fuzzified half-cyles) obtained for each rotor condition, considering only adjacent broken bars. It is possible to note that all statistical values for a healthy rotor are smaller when compared to a rotor with broken bars. Although a healthy rotor does not produce valleys in the waveform, the eventual distortion in the signal is capable of generating some type of false valleys; thus, this peak value is not zero. However, the statistical values in a healthy rotor condition is substantially distinct from those found to other rotor cases. In addition, it is possible to observe that the variance, standard deviation and the valley severity are greater when the number of broken bars increases.
These values, including the root mean square, DFV and NVS, were used as inputs (Equation (7)) for the SVM classifier, after the creation of the knowledge base 1.
In this case, the knowledge base 1 was created with 57 motor operational scenarios, including a rotor speed between 1772 rpm (slip = 1.5%) and 1742 rpm (slip = 3.22%). The rated speed of the motor is 1740 rpm (rated slip = 3.3%). For training purposes, 42 scenarios with distinct rotor failures were used and 15 scenarios were applied for a validation step. An acquisition time of 4 s was used for collect the Hall sensor signal and each scenario was divided into eight time-windows (half a second).
A 10-fold (divisions) cross-validation step was applied during training step and the SVM classifiers have been designed in Matlab Classification Learner Toolbox. As mentioned by [39, 53] , the scores derived from the confusion matrix and the area under curve (AUC) of the receiver operating characteristic (ROC curve) can be used as performance metrics to select the optimal classifier tuning on each case. As mentioned by [53] , an ROC curve is the resulting true positive rate (Sensitivity) against the false positive rate (Specificity) for different thresholds. Each point depicted in the ROC curve represents a sensitivity-specificity pair in a specific decision threshold. The more the ROC curve is to the upper left corner, the better the classifier performance is [53] . Table 7 shows the SVM evaluation after a cross validation step for three kernel functions and the best classifier selected according to the best value of accuracy. In this case, a cost tuning parameter equal to 10 was chosen in a range of 0 and 200, using an SVM classifier with a quadratic kernel function. This SVM structure has been applied for all motor operational scenarios. As mentioned, in this work, the SVM was used in a multiclass problem using a One Against One (OAO) approach. Table 7 . SVM evaluation after a cross validation step.
Cost (C)
Kernel Accuracy AUC (ROC Curve) Figure 14 shows an ROC curve for validation cases using the best SVM quadratic classifier. It is important to highlight that the area under the curve is almost equalt to one (AUC = 0.967); thus, the present approach was able to distinguish between a rotor fault and a healthy one. Table 8 shows the results obtained for other damaged rotor cases considering only adjacent broken bars. Table 9 shows the results obtained for other operational scenarios including cases with more than one and two broken bars per magnetic pole of the motor. It is possible to note that, for adjacent cases, the SVM classifier was able to distinguish between a healthy rotor and more than one broken bar, considering a short acquisition time (equal to 0.25 s) for Hall sensor signal. Even for nonadjacent broken bars, the SVM classifier has obtained good results also for an acquisition time equal to 0.25 s.
Rotor Condition Evaluation for Motor Running at Oscillating Load and Fed by a Sinusoidal Supply
In this section, the rotor condition has been evaluated for motor running at oscillating loads and gradual load variation. In the first case, the motor was supplied by a direct line and a low-speed load oscillation was applied during the acquistion time (10 s), as shown in Figure 15a . The rotor is healthy, i.e., there is no broken bar, but the MCSA of the stator current shows two left sidebands, thus a potential case of false positive, as cited by [12] .
The best SVM classifier selected from Table 7 was applied to this new operational condition of the motor to evaluate potential broken rotor bars. The Fuzzy-SVM approach has been tested on each time window of 0.5 s (out of 10 s); thus, there were 20 time-windows for classification purposes. The SVM was able to sort all the values (output = 0); thus, it performed a good classification, unlike the MCSA method (Figure 15b ). In addition, it is important to highlight that it was not necessary to train the SVM classifier, although the learning step was performed only with steady-state values. In the same way, an SVM classifier was applied to evaluate rotor condition and it was possible to sort again all output values without false indications. Figure 16b shows the potential false positive condition due to the left sidebands. Figure 17a ,b also depicted a potential false positive due the sidebands in a more frequent load oscillation (1749-1772 r/min). Again, the Fuzzy-SVM approach was applied in this case and it performed a good classification (four time-windows (half second) = 1 and 16 time-windows (half second = 0). Figure 18b may lead to a false negative condition, since there is a spectral leakage of the sideband harmonics due to load torque oscillation and it is difficult to estimate the correct rotor speed. By applying the Fuzzy-SVM approach, it was possible to find 14 time-windows related to the output = 1 and six time-windows related to the output = 0. As cited by [52] , the use of a Bayesian classifier in this case can minimizes the misclassification error. The following section shows the results for a motor fed by an inverter. In Table 10 is shown a comparison between the fuzzy statistical parameters for each condition. For a low-speed load oscillation, the values are quite similar to those found for a typical healthy case. However, when the oscillating frequency increases, the values become more similar to those found by a faulted rotor. Therefore, a threshold value should be investigated to apply the Bayesian classification and avoid false indications. This section shows the SVM performance evaluation for rotor condition detection for induction motor fed by an inverter. A knowledge base 2 was created after the signal processing stage and feature extraction stage using fuzzy logic, similar to procedures executed to the knowledge base 1 (sinusoidal case). For each piece of experimental data, a time window (acquisition time) of 10 s was used for processing. Each time window was divided into lower time windows equal to 0.5 s; thus, each test produces 20 datasets. In this work, a total of 1200 time windows of 0.5 s (60 experiments) were used for SVM learning step and 700 time windows of 0.5 s (35 experiments) were used for validation purposes.
For performance evaluation of SVM, a cross validation (CV) step was used with 10-fold (k divisions). The SVM was also implemented and tested in the Classification Learner toolbox of the Matlab sotware. In addition, the receiver operating characteristic (ROC curve) and the area under the curve were also used to evaluate the classifier metrics. It is important to highlight that the database has considered the experiments for motor running in three rotor conditions (healthy, one broken bar and three adjacent broken bars) and fed by an inverter. In Figure 19 , it is possible to note the valley in the normalized magnetic flux density for each rotor condition. The fuzzified valley severity for each rotor condition depicted by Figure 19a was shown in Figure 19b . It is possible to clearly note the differences between the severity for a healthy rotor and a damaged one. In Table 11 , the typical fuzzy statistical data are shown according to each rotor condition and the differences between them in a time window of 0.5 s. For a healthy rotor, there are lower values when compared to cases with one and three broken bars. These values were also used as inputs for the SVM classifier, such as the implementation carried out in the sinusoidal case. In Table 12 , the data obtained for SVM classifier were presented and the structure with quadratic kernel function and cost parameter value equal to 1 was the best one. The accuracy during learning step achieved 97.1% and AUC = 0.99, for all three classes (healthy, one broken bar and three broken bars); thus, a good performance for broken bar diagnosis and fault severity evaluation. Figure 20 shows the ROC curve and the AUC for the best SVM classifier considering two classes, i.e., a healthy rotor and one broken bar. It is possible to note that, in this case, the AUC is almost 1 (AUC = 0.962), The classification results for each rotor condition are shown in Table 13 . These results are related to the classification of 700 sample windows of 0.5 s (35 experiments), including the three classes (healthy, 1BB and 3BB). The SVM classifier was able to distinguish more than 96% of validation cases. This subsection shows the Fuzzy-SVM performance evaluation for induction motor fed by an inverter and running at oscillating loads. Figure 21a ,b show the MCSA applied to the healthy motor running at steady-state condition (1771 r/min). In this case, it is possible to observe additional harmonics in the frequency spectrum due to the converter mode and the potential false positive evaluation for rotor cage diagnosis. Figure 22a shows the stator current variation for a motor running at low-speed load oscillation (1748 r/min-1758 r/min). Figure 22b shows the MCSA applied to the stator current and two left sidebands generated by load oscillation. Although there is a healthy case, an incorrect interpretation of this condition can lead to a false positive diagnosis. Based on the aforementioned operational scenarios, the MCSA technique is very limited for rotor cage evaluation, considering the load variation and/or load oscillation applications. For the simulation and experimental cases, the present Fuzzy-SVM approach has achieved a good performance as shown in Table 14 . Figure 25 summarizes the results for both the sinusoidal and inverter-fed modes. In general, the SVM classification results for a motor fed by an inverter were better than those found by a sinusoidal case, but these results should be credited to the greater volume of data used during the learning step in inverter mode, when compared to those used in a direct line mode. However, in all cases, it was possible to note that the Fuzzy-SVM approach was able not only do detect the motor fault but also to evaluate its severity with good accuracy. 
Conclusions
This paper proposes a fuzzy-based approach to extract features from a Hall effect sensor signal to detect air gap disturbances, in a large squirrel cage induction motor with fully broken bars. In this method, some fuzzy statistical features were used as inputs for a support vector machine classifier to detect and classify the severity of rotor faults in an induction motor fed by a line and an inverter. This particular analysis is related to the inflection points detected for each positive and negative half-cycle, due to the broken bars and the existence of valleys when broken bars are near the sensor. Therefore, the fuzzy inference mechanism was able to evaluate the severity of a rotor fault, by using only one inflection point-in this case, the minimum amplitude, determined from two maximum points in the valley. It should be noted that the present solution requires an algorithm with low computational burden, since fuzzy logic usually has a non-complex implementation in software environments.
For a motor fed by line an acquisition time of 4 s was applied and each experiment was divided into segments of 0.5 s. In the case of motor fed by an inverter, an acquisition time of 10 s was used and each experiment was also divided into segments of 0.5 s. Therefore, the validation experiments were tested on each segment with good accuracy (>96%) for broken bars detection and severity classification.
The main contributions of this work can be summarized as follows:
(i) It is not necessary to estimate rotor slip, as required by the MCSA method and other techniques; thus, this condition avoids FN indications; (ii) It was possible to detect broken bars during load variation, again avoiding FN indications using the MCSA technique, although the increase of oscillations can lead to false diagnosis; (iii) The Fuzzy-SVM approach achieved a good performance to detect broken bars during low-speed load oscillations, since this operational condition can lead to false positive evaluation; (iv) It is possible to classify the damaged rotor severity, but further investigations should be made to improve this classification for load oscillation applications; (v) This method is capable of detecting broken rotor bars for motor running at low slip; and (vi) The proposed method requires a low-cost Hall effect sensor to measure air gap flux.
Although the noninvasive approaches are widely used in motor fault diagnosis field, the present method allows the rotor condition evaluation not only for new large induction machines, but also for those undergoing rewind processes. On the other hand, the present method requires a minimum load torque to produce the valley and perform the broken bars detection; thus, new improvements should be made to apply this approach at no-load or very low slip conditions. By using the simulation results, for example, it was possible to detect only one broken bar out of 104 bars (1200 kW induction motor); thus, this approach has achieved a good fault detection sensitivity. Further research should be conducted to assess the rotor faults at variable speeds and also to implement this fuzzy-SVM algorithm in a hardware capable of developing a robust tool for broken bars diagnosis.
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